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Disagreement-based Semi-supervised Learning
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Abstract
real tasks, however, although it is usually easy to acquire a lot of data, it is often expensive to get the label information.

Traditional supervised learning generally requires a large amount of labeled data as training examples; in many

Can we improve the learning performance with limited amount of labeled data by exploiting the large amount of unlabeled
data? For this purpose, semi-supervised learning has become a hot topic of machine learning during the past ten years.
One of the mainstream paradigms, the disagreement-based semi-supervised learning, trains multiple learners to exploit
the unlabeled data, where the “disagreement” among the learners is crucial. This article briefly surveys some research

advances of this paradigm.
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